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Abstract: Global estimates suggest that over a billion people worldwide—more than 15%
of the global population—live with some form of mobility disability, underscoring the
pressing need for innovative technological solutions. Recent advancements in artificial
vision systems, driven by deep learning and image processing techniques, offer promis-
ing avenues for detecting mobility aids and monitoring gait or posture anomalies. This
paper presents a systematic review conducted in accordance with ProKnow-C guidelines,
examining key methodologies, datasets, and ethical considerations in mobility impairment
detection from 2015 to 2025. Our analysis reveals that convolutional neural network (CNN)
approaches, such as YOLO and Faster R-CNN, frequently outperform traditional computer
vision methods in accuracy and real-time efficiency, though their success depends on the
availability of large, high-quality datasets that capture real-world variability. While syn-
thetic data generation helps mitigate dataset limitations, models trained predominantly
on simulated images often exhibit reduced performance in uncontrolled environments
due to the domain gap. Moreover, ethical and privacy concerns related to the handling
of sensitive visual data remain insufficiently addressed, highlighting the need for robust
privacy safeguards, transparent data governance, and effective bias mitigation protocols.
Overall, this review emphasizes the potential of artificial vision systems to transform assis-
tive technologies for mobility impairments and calls for multidisciplinary efforts to ensure
these systems are technically robust, ethically sound, and widely adoptable.

Keywords: mobility impairment detection; assistive computer vision; synthetic data; deep
learning; privacy-by-design; edge-cloud architecture; domain adaptation; diffusion models

1. Introduction
Global estimates indicate that approximately 15% of the population, equivalent to

over a billion individuals, experience some form of mobility disability, highlighting a
pressing need for supportive interventions [1,2]. Despite ongoing research, many countries
still struggle to obtain accurate data on disability prevalence, complicating the design of
effective measures to improve accessibility and quality of life [3].

Recent developments in artificial vision systems show promise in enhancing autonomy
for people with mobility impairments. By leveraging advanced deep learning algorithms
and image processing techniques, these systems can recognize and track mobility aids (e.g.,
wheelchairs, canes) and detect subtle gait or posture deviations [4,5]. Their applications
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extend to fall detection, real-time monitoring in public spaces, and assistive robotics in clin-
ical or home settings [6]. However, integrating these solutions into everyday environments
remains challenging.

Comparative analyses of existing detection methods underscore two primary trends.
First, convolutional neural network (CNN)-based approaches (such as YOLO or Faster
R-CNN) frequently surpass classical computer vision methods in accuracy and real-time
performance [7,8]. Yet their effectiveness often relies on large, high-quality datasets that
capture the variability of real-world contexts. Second, while synthetic data generation
offers a route to augment limited datasets, discrepancies between simulated and actual
conditions can degrade performance when models are deployed in uncontrolled settings [9].
Additionally, ethical and privacy considerations—especially concerning sensitive visual
data—remain underexplored, raising questions about data governance and algorithmic
bias [10,11].

Given the rising scholarly interest in using computer vision for disability detection [10,11],
this study aims to present a systematic review of the methods, datasets, and ethical frame-
works currently informing the field. By critically evaluating key techniques and identifying
persistent limitations, such as insufficient outdoor datasets or biases in data collection, this
review provides a foundation for future research and more inclusive, robust, and ethically
grounded assistive technologies.

2. Background and Key Concepts
2.1. Artificial Vision and Deep Learning in Assistive Technology

Artificial vision systems leverage deep learning architectures—particularly con-
volutional neural networks (CNNs)—to process visual data and detect people with mobility
impairments in various settings [9]. Object detection models such as YOLO [12] and its
subsequent adaptations (e.g., YOLOv5 [13]) have shown high accuracy and near real-time
performance in controlled environments, enabling them to distinguish wheelchairs, canes,
and walkers from surrounding objects with notable reliability. Other frameworks, including
DEEP-SEE [10] and Deep 3D Perception [10], integrate CNN-based pipelines to track and
classify mobility aids under occlusions or complex scene dynamics.

Despite these successes, robustness and scalability remain open challenges. Subtle
differences between visually similar aids (e.g., crutches vs. walking sticks) often lead
to misclassifications, especially in low-light or cluttered environments [11,14]. Further-
more, transferring these systems into real-world scenarios demands extensive adapta-tion
to variable background contexts, weather conditions, and user behaviors. As a re-sult,
researchers increasingly explore hybrid models and multi-sensor fu-sion—combining RGB-
D data or inertial measurements—to improve detection stability and compensate for visual
ambiguities [10,11].

Transformer-Based Object Detection in Assistive Vision and Rare Object Scenarios

Transformer-based detectors have restructured the object detection pipeline by dis-
pensing with region proposals and post-processing [15]. DETR formulates detection as
a direct set prediction task, using an encoder–decoder Transformer to predict bounding
boxes and class labels end-to-end. While it achieves competitive accuracy (~42 mAP on
COCO), it requires ~500 training epochs to converge. Deformable DETR addresses this
by introducing multi-scale deformable attention, reducing training to ~50 epochs and
improving small-object AP by ~5 points compared to vanilla DETR—critical for detecting
distant or partially occluded mobility aids in real-world scenes [15].

Early assistive-vision implementations confirm DETR’s promise. Ikram et al. (2025)
incorporated DETR into a wearable obstacle-alert system for the visually im-paired, report-
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ing 98 % precision at ~40 ms/frame (25 FPS) and an average confidence score of 99 % [16].
In the same work, a FusionSight multimodal Transformer model achieved robust real-time
obstacle recognition under dynamic conditions [16].

A notable advantage of Transformer detectors is their inherent support for long-tail
and open-set detection. Prompt-DETR (2024) leverages language prompts and masked
attention to recognize classes unseen during training—e.g., “folding walk-er”—without
retraining [17]. Building on this, Burges et al. (2025) introduced IRTR-DETR, which
combines interactive, human-in-the-loop rotation queries with semi-class-agnostic fine-
tuning to detect novel aerial structures (such as uncommon mobility-aid designs) with
>85 % recall from limited labels [18]. In assistive vision, these capabilities enable on-the-
fly recognition of rare obstacles or newly encountered assistive devices even when such
examples were absent from the original dataset.

Finally, the global self-attention mechanism of Transformers naturally captures long-
range contextual relationships—crucial in cluttered urban environments where a wheelchair
frame may be partially occluded by crowds. Surveys of object detection note that DETR
variants scale effectively to diverse object categories and obviate heu-ristic post-processing,
though real-time inference still benefits from hardware acceler-ation [19] From 2017 to
2025, Transformer detectors have evolved from research nov-elties to viable components of
next-generation assistive vision systems, demonstrating state-of-the-art accuracy on both
common and uncommon object classes.

2.2. Synthetic Data and Dataset Limitations

A key limitation in training and validating these models is the lack of large-scale,
diverse datasets that capture a broad spectrum of real-world conditions [10,20]. While
many datasets focus on indoor environments or small participant pools, assis-tive systems
must handle the myriad of challenges posed by outdoor scenarios and heterogeneous
populations [15] To address these gaps, some studies employ synthetic data generation—
for example, the “X-World” platform [21]—to augment limited re-al-world samples with
controllable variations in lighting, perspective, and background clutter.

However, bridging the domain gap between synthetic and real imagery remains
difficult. Models trained predominantly on simulated scenes may struggle with unpre-
dictable artifacts in live settings (e.g., moving shadows, partially occluded aids) [13].
Combining synthetic datasets with carefully annotated real-world imag-es—particularly
from outdoor or crowded public spaces—has therefore emerged as a best practice to
enhance generalizability [10].

2.3. Ethical and Privacy Considerations

Deploying vision-based assistive technologies introduces significant ethical and pri-
vacy challenges, especially given the sensitive nature of disability-related data [22,23].
Insufficient anonymization protocols can expose personal details, while biases in data
collection—e.g., underrepresenting certain types of disabilities or demographic groups—
may lead to uneven model performance [24,25]. In regions governed by comprehensive
data protection laws (e.g., GDPR in Europe), researchers are required to implement strict
standards for data storage, sharing, and informed consent [7].

Beyond compliance, social acceptability is paramount. Users must trust that these
systems will not inadvertently discriminate or breach confidentiality. Consequently, recent
work underscores the importance of transparent data governance frameworks, ongoing bias
assessments, and inclusive design processes involving diverse stakeholder groups [10,11].
By embedding robust privacy safeguards and equity considerations from the outset, arti-
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ficial vision tools can better realize their potential to empower individuals with mobility
impairments while maintaining public confidence in their ethical deployment.

3. Threats and Challenges
3.1. Data Limitations and Real-World Generalization

Despite high accuracy demonstrated by state-of-the-art detection models (e.g.,
YOLOv5 [13], Deep 3D Perception [10]) in controlled or synthetic contexts, perfor-mance of-
ten degrades when confronted with real-world complexity [15]. Reliance on indoor-centric
datasets or purely synthetic images can limit models’ exposure to out-door scenarios and
varying lighting conditions, leading to poor generalization [20]. Environmental factors—
ranging from fluctuating illumination to dense crowd scenes—introduce noise absent in
most training sets. Moreover, subtle morphological differences between mobility aids (e.g.,
canes vs. crutches) pose additional classifica-tion challenges [11,16]. A more heterogeneous,
large-scale dataset collec-tion—encompassing both indoor and outdoor conditions—is thus
critical for building robust models that can adapt to the inherently stochastic nature of
real-world settings.

3.2. Ethical Implications and Privacy Concerns

The deployment of vision-based assistive technologies invariably triggers concerns
about data governance and user privacy, particularly for individuals with disabilities [22,23].
If anonymization is inadequate, personal information may be inadvertently exposed, po-
tentially compromising user confidentiality and trust. Biases in data collection also risk
discriminatory outcomes; for instance, an underrepresentation of certain demographics or
specific types of mobility aids can skew detection accuracy in real-world use [24,25]. Such
imbalances may exacerbate existing inequities, undermining the fairness and acceptance
of these solutions. Robust ethical frameworks—including transparent data handling, bias
monitoring, and adherence to legal mandates—are necessary to ensure inclusivity and
safeguard user rights during both model development and deployment.

3.3. Technical Constraints and Interoperability

The effective transition of artificial vision systems from controlled laboratory condi-
tions to complex real-world environments remains constrained by a confluence of technical,
regulatory, and ethical factors. State-of-the-art deep learning architectures, including DEEP-
SEE [10] and YOLOv5 [13], have demonstrated high detection accuracy for mobility aids in
structured scenarios. However, these models often rely on resource-intensive computations,
which hinders their real-time applicability on embedded or edge devices, especially in
mobile or wearable assistive systems. In time-critical contexts, such as fall detection or
dynamic navigation, high inference latency can severely degrade performance.

Furthermore, the integration of heterogeneous sensing modalities (e.g., RGB-D cam-
eras, LiDAR, and inertial measurement units) introduces interoperability challenges.
Achieving consistent and reliable data fusion demands rigorous temporal synchronization,
sensor calibration, and alignment protocols [26]. These requirements complicate system de-
sign, particularly when assistive devices must operate across varying hardware ecosystems
and environmental conditions. Consequently, ongoing research in algorithmic optimiza-
tion, low-latency inference engines, and modular sensor fusion is crucial to advancing the
scalability of assistive vision platforms.

At the intersection of these technical constraints lies the sensitive nature of the data be-
ing processed. Vision-based systems for detecting mobility impairments inherently capture
visual cues related to posture, gait, and the use of assistive devices—data that can indirectly
or directly reveal a person’s health status [22,23]. If not adequately protected, such infor-
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mation exposes users to significant privacy risks, including unauthorized identification,
profiling, or stigmatization [24,25].

To address these concerns, multiple national and international data protection frame-
works have established mandatory safeguards.

• Europe—GDPR (General Data Protection Regulation):
Under GDPR, any personal identifiable information (PII) obtained from visual data
(including biometric patterns or disability indicators) must be processed lawfully and
transparently. Data controllers are required to obtain explicit consent from users, im-
plement privacy-by-design principles, and adhere to data minimization standards that
limit the scope and duration of data retention. Violations can lead to substantial legal
and financial penalties, emphasizing the need for robust protective measures [10,11].

• United States—HIPAA (Health Insurance Portability and Accountability Act):
In healthcare settings, visual data that may be linked to a person’s medical condition
could be treated as Protected Health Information (PHI) under HIPAA. This mandates
strict safeguards—both technical and administrative—to ensure data confidentiality and
integrity. Any system integrating vision-based detection with health records or clinical
monitoring must comply with HIPAA’s privacy and security rules, potentially complicating
research and commercial deployments that share data across multiple platforms.

• Brazil—LGPD (Lei Geral de Proteção de Dados):
Brazil’s LGPD requires clear disclosure of data processing purposes, the scope of
data collection, and mechanisms for users to revoke consent or request deletion of
personal data. Organizations must also appoint a Data Protection Officer (DPO) and
establish transparent practices for handling incidents like data breaches. As in GDPR,
non-compliance with LGPD can result in significant fines, thus urging researchers and
developers to adopt comprehensive privacy governance frameworks [7,15].

Beyond legal frameworks, the ethical dimension of bias mitigation has emerged
as a pivotal factor in the development of equitable assistive vision systems. Imbal-
anced datasets—particularly those underrepresenting certain demographics or types
of disabilities—can result in models that systematically underperform for specific
groups [10,11]. This includes differences in detection accuracy across skin tones, body
types, or mobility aid styles, which risks reinforcing existing societal inequalities.

Strategies to mitigate bias include:

• Inclusive Dataset Curation: Ensuring that training datasets encompass a representative
spectrum of ages, ethnicities, and assistive device types.

• Fairness-Constrained Learning: Implementing fairness constraints during training,
such as parity in false positive/negative rates across groups [27].

• Algorithmic Debiasing: Utilizing adversarial debiasing or reweighting methods (e.g.,
AI Fairness 360 toolkit) to decouple model outputs from sensitive attributes.

• Synthetic Augmentation: Introducing rare or underrepresented classes via generative
models, including diffusion-based techniques, to improve generalization across edge-
case scenarios [27].

Importantly, bias mitigation must be treated as a continuous lifecycle process. It
requires iterative retraining, real-time monitoring of outputs, and active participation
from diverse stakeholders, including individuals with disabilities, in model validation and
feedback loops.

On the privacy front, Differential Privacy (DP) has emerged as a mathematically
grounded mechanism to prevent re-identification from vision datasets. By injecting cal-
ibrated noise into training data or model outputs (e.g., via DP-SGD), DP ensures that
individual contributions remain indiscernible [28]. This approach aligns with GDPR’s
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exception for anonymized data, allowing compliant data sharing and processing. Frame-
works such as Frameworks such as TensorFlow Privacy (v0.6.3) and OpenMined’s PySyft
(v0.7.0) have significantly improved the accessibility of DP implementations, although
minor accuracy trade-offs are typically observed in vision tasks such as person detection.

Anonymization techniques at the data level—such as face blurring, pixelation, and
synthetic face replacement—are now widely adopted. GDPR explicitly includes facial
features as personal identifiers, reinforcing the need for in-frame obfuscation in real-time
video analytics. Empirical studies (e.g., viso.ai, 2021) confirm that over 95% of action- and
pedestrian-recognition accuracy can be retained post-blurring, validating these approaches
for assistive deployments.

Finally, systematic assessments of risk and impact are being institutionalized. Under
GDPR, Data Protection Impact Assessments (DPIAs) are mandated for high-risk processing
scenarios. Complementing this, Algorithmic Impact Assessments (AIAs) extend evaluation
to dimensions of fairness, transparency, and societal harm. As advocated by Morley
et al. [29], AIAs are instrumental in identifying latent risks, ensuring the implementation of
mitigation measures, and documenting accountability structures.

Emerging regulatory standards—such as the EU AI Act—further classify public surveil-
lance and assistive AI under “high-risk” categories, requiring explainability, human oversight,
and auditability. The ISO 23894:2023—Artificial Intelligence—Guidance on Risk Manage-
ment [30] provides technical guidance on AI risk management, particularly in areas such as
bias detection and privacy threats. This standard aligns with ISO/IEC 42001:2023—Artificial
Intelligence—Management System [31], which establishes requirements for trustworthy AI
governance systems. Both GDPR and LGPD emphasize “privacy by design and by default” as
foundational principles for deployment architectures, encouraging local processing, minimal
data retention, and transparent user control over their information [29].

4. Literature Search and Article Selection
This study adopted the ProKnow-C methodology [32,33], a structured, constructivist

approach for knowledge development, to ensure a transparent and comprehensive litera-
ture review of artificial vision systems aimed at detecting mobility impairments [34]. The
multi-stage process—summarized in Figure 1—involved formulating targeted keywords,
selecting and querying databases, and applying both qualitative and quantitative filters to
build a focused bibliographic portfolio of high-impact studies.
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4.1. Definition and Combination of Keywords

Following the ProKnow-C guidelines [32], an initial set of keywords was organized
into three categories:

• Theory: “Computer Vision”, “Deep Learning”, and “Image”.
• Techniques: “Object Detection”, “Segmentation”, and “Tracking”.
• Application: “Mobility Aids”, “Wheelchair”, “Walking Stick”, “Injured”, “Fall Detec-

tion”, and “Early Fall Detection”.

These terms were systematically combined using Boolean operators (e.g., AND)
to generate 50 distinct search queries, each capturing different intersections of the-
oretical underpinnings, technical approaches, and specific applications in mobility
impairment detection.

4.2. Database Selection and Search Period

The literature search was conducted in Scopus, CrossRef, and Google Scholar—
databases recognized for their extensive coverage of scientific publications [33]. To capture
recent advancements, the review window was limited to 2015–2025, a period marked by ac-
celerated progress in deep learning and artificial vision for assistive technologies [10]. This
timeframe also aligns with the growing availability of synthetic datasets and sophisticated
real-time detection models.

4.3. Screening, Filtering, and Final Selection

An initial retrieval yielded 818 articles, which were subsequently filtered through
three stages [32,35]:

1. Duplicate Removal:

A first pass excluded 67 records duplicated across the three databases, leaving
751 unique articles.

2. Preliminary Screening (Topic Relevance):

Studies centered on non-relevant medical applications (e.g., prosthetics, surgical
methods) or lacking any mention of vision-based disability detection were discarded. This
stage excluded 486 articles, reducing the set to 265 for detailed scrutiny.

3. Relevance and Methodological Quality Assessment:

The remaining 265 articles underwent evaluation against the ProKnow-C guidelines,
supplemented by an adapted CASP checklist (Critical Appraisal Skills Programme) to gauge
methodological rigor, sample size, data collection quality, and bias mitigation strategies.
This process led to the exclusion of 190 articles deemed methodologically insufficient,
yielding a final portfolio of 75 studies that demonstrated solid empirical grounding or
novel theoretical contributions.

From these 75 final studies, further curation focused on works directly addressing
vision-based detection of individuals with disabilities, either through real-world or syn-
thetic datasets, and employing advanced object detection frameworks (e.g., YOLOv5,
Faster R-CNN) under varying constraints. Table 1 illustrates a subset of influential articles
spanning computer vision, human action recognition, and assistive technologies.

This systematic approach, incorporating both quantitative (e.g., duplicate removal,
stepwise filtering) and qualitative (e.g., CASP checklist) assessments, minimized selection
bias and ensured that only methodologically robust and thematically aligned studies were
included. By critically appraising aspects such as dataset scale, algorithmic rigor, and
ethical considerations, the resulting portfolio serves as a solid foundation for subsequent
analysis of technical, ethical, and practical implications in artificial vision systems for
mobility impairment detection.
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Table 1. Scientific articles on recognition in diverse domains: computer vision and object recognition
for mobility aids.

Category Reference Year Methodology/
Technique

Key Findings/
Recommendations

C
om

pu
te

r
V

is
io

n
an

d
O

bj
ec

tR
ec

og
ni

ti
on

[36] 2011 Fuzzy logic-based prediction
system

Demonstrated potential for preventing collisions
and enhancing pedestrian safety.

[37] 2015 Edge direction analysis
technique

Effective detection of knife objects; the approach
may be extended to detect mobility aids in

complex environments.

[38] 2015 Robotic scanning combined with
image processing

Established feasibility for automated indoor
mapping; applicable for controlled detection of

mobility aids.

[39] 2016 WiFi signal processing for
gesture recognition

Enabled recognition of gestures via WiFi;
indirectly relevant for assessing mobility.

[40] 2017 Deep CNN with joint Bayesian
inference

Achieved view-invariant gait recognition; useful
for assessing mobility impairments.

[41] 2017 Depth map inpainting via
reconstruction algorithm

Improved quality of depth maps; supports more
accurate detection in 3D scenarios.

[10] 2017 Integrated CNN-based tracking
and object detection

Enhanced detection in dynamic environments
with occlusions; promising for navigational

assistance.

[42] 2019 CNN-based fall mitigation
approach

Demonstrated potential in fall detection with
high accuracy in controlled settings.

[43] 2019 RGB-D imaging and posture
analysis

Assessed ergonomic postures; findings have
implications for mobility aid evaluation.

[44] 2020 Sub-pixel image matching
technique

Improved resolution in thermal imaging; useful
for surveillance and mobility detection in

low-resolution scenarios.

[45] 2020 Deep learning with ResNet for
landmark extraction

Provided accurate anthropometric measurements;
potential for classifying mobility aids.

[22] 2020 Skin detection algorithms
combined with encryption

Balanced real-time surveillance with enhanced
privacy protection; relevant for ethical data

handling.

[46] 2020 Multi-vision integration with
synthetic aperture imaging

Enhanced measurement resolution; supports
detailed analysis of mobility aids.

[23] 2020 Compressed sensing with
privacy-preserving evaluation

Advanced privacy preservation techniques;
crucial for the ethical deployment of surveillance

systems.

[24] 2020
Three-dimensional lidar

integration on the mobile robot
platform

Provided robust body angle and gender
estimation; indirectly aids mobility analysis.

[25] 2021 Clinical case study analyzing
visual feature impact

Highlighted challenges in visual categorization;
informs understanding of impairments in object

recognition.

[47] 2021 Motion estimation via clustering
and superpixel segmentation

Enhanced video stabilization; supports improved
tracking in dynamic environments.

[48] 2021 Deep reinforcement learning for
index selection

Optimized database performance is indirectly
applicable to managing large-scale assistive data.

[49] 2022 Deep learning for 3D
vision-based prediction

Provided a proof of concept for band-gap
prediction; demonstrates potential for 3D analysis

techniques.

[13] 2023 YOLOv5 deep learning model
for object detection

Achieved 91% accuracy in controlled settings;
recommends further evaluation under diverse

conditions.

[50] 2022 Hierarchical attention
mechanisms in neural networks

Improved event detection accuracy; potential to
detect dynamic mobility-related events.
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Table 1. Cont.

Category Reference Year Methodology/
Technique

Key Findings/
Recommendations

Pe
rs

on
R

ec
og

ni
ti

on
an

d
Tr

ac
ki

ng

[51] 2012 Fuzzy system applied to video
content analysis

Identified risk scenarios in traffic that are
applicable to enhancing pedestrian safety.

[52] 2015 Non-rigid point set registration
algorithm

Enhanced human pose estimation accuracy;
beneficial for tracking mobility impairments.

[53] 2016 Optical flow analysis with
histogram methods

Successfully monitored movement under
challenging conditions; method adaptable for

human activity tracking.

[54] 2017 Deep learning applied to RGB-D
motion sequences

Achieved reliable action recognition; supports
continuous tracking of mobility impairments.

[55] 2017 Inverse dynamics estimation
using Kinect data

Addressed occlusion challenges; indicated
potential for ergonomic assessments.

[56] 2018 Symbolic representation for
activity recognition

Provided a lightweight method for recognizing
activities; useful for mobile sensor integration.

[57] 2019 Radar sensing combined with
stacked RNNs

Demonstrated high accuracy in motion
recognition; valuable for non-visual tracking

scenarios.

[58] 2019 Wi-Fi CSI analysis for activity
recognition

Showed environmental factors significantly
impact recognition; emphasizes the need for

contextual data.

[59] 2020 Wearable accelerometer-based
activity recognition

Achieved position-independent recognition,
promising for continuous mobility monitoring.

[60] 2021 Millimeter wave radar
technology

Provided robust identification in challenging
scenarios; useful for urban non-visual tracking.

[61] 2021 Bayesian estimation for occluded
joint detection

Improved estimation accuracy of occluded joints;
beneficial for precise motion tracking.

[62] 2022 Video stream analysis for fall
detection

Achieved reliable fall detection, critical for
enhancing assistive safety applications.

H
um

an
A

ct
io

n
D

et
ec

ti
on

an
d

R
ec

og
ni

ti
on

[63] 2015 Optical joint transform
correlation method

Accurately tracked motion; demonstrated high
performance in controlled experiments.

[64] 2015 Spatio-temporal feature
extraction from skeleton data

Enhanced recognition accuracy for human
actions; validated under laboratory conditions.

[65] 2016 Deep learning-based behavior
recognition

Displayed robust performance in varied
surveillance contexts; potential for real-time

monitoring.

[66] 2016 Depth sequence analysis for
activity recognition

Introduced novel depth-based descriptors;
improved recognition in low-visibility scenarios.

[67] 2017 Fuzzy logic combines prediction
and recognition

Achieved improved performance by integrating
prediction; applicable for real-time behavior

monitoring.

[68] 2018 Sliding window analysis on
smartphone sensor data

Identified optimal window lengths for accurate
recognition; provides recommendations for

sensor-based applications.

[26] 2019 Adaptive feature learning
techniques

Enhanced recognition of power defense actions;
method adaptable to various settings.

[69] 2019 MEMP network for dynamic
gesture recognition

Achieved high accuracy in dynamic gesture
recognition; promising for interactive

applications.

[70] 2019 Optimization algorithms for
spatial segmentation

Offered effective solutions for spatial
optimization that are applicable to image

segmentation tasks.

[14] 2019 Deep 3D convolutional networks
for perception

Achieved high precision in 3D perception;
recommended for enhancing spatial awareness in

assistive systems.
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Table 1. Cont.

Category Reference Year Methodology/
Technique

Key Findings/
Recommendations

[20] 2022 Integrated detection and
tracking system

Demonstrated promising accuracy in real-world
surveillance; suggests further optimization is

needed.

[71] 2020 Attention-guided LSTM for
temporal analysis

Achieved around 90% accuracy in fall detection;
highlights the importance of temporal cues in

dynamic environments.

[72] 2020 Data augmentation via dense
joint motion imaging

Improved training data diversity and enhanced
recognition accuracy.

[73] 2020 Sensor fusion and imputation
techniques

Addressed missing data challenges while
maintaining recognition performance.

[11] 2020 Multi-view video analysis
Enhanced accuracy by integrating multiple

perspectives; recommended for complex
environments.

[74] 2020 Robust image processing
techniques

Displayed high reliability in recognizing actions;
potential for deployment in surveillance systems.

[75] 2021 Ensemble learning without
device dependency

Provided robust single-user activity recognition;
useful for non-intrusive monitoring.

[76] 2021 Deep learning with
noise-tolerant techniques

Achieved reliable fall detection in wearable
settings; addressed challenges of noisy data.

[77] 2021 WiFi signal processing with
efficient data processing

Improved recognition accuracy with
computational efficiency.

[78] 2021 Vibration analysis using
accelerometer data

Effectively classified terrain types; has
implications for activity recognition in varied

environments.

[79] 2021 Dataset creation and benchmark
evaluation

Provided a comprehensive dataset; encourages
standardization in activity recognition research.

[80] 2022 Sequence models combined with
explainable AI techniques

Enhanced fall detection with improved
interpretability; recommended for safety-critical

applications.
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[81] 2017 Integration of commercial cloud
robotics

Demonstrated feasibility for using off-the-shelf
robotics for home assistance; supports smart

home accessibility.

[82] 2018 Survey of Cyber-Physical
Systems technologies

Provided an overview of smart warehouse
solutions relevant to industrial assistive

technology applications.

[83] 2018 Hand gesture recognition via
wearable cameras

Achieved high accuracy in recognizing hand
gestures; potential for controlling assistive

devices in smart environments.

[84] 2019 CNN-based activity recognition
from smartphone data

Enabled accurate indoor localization; enhances
accessibility in smart environments.

[85] 2019 Computational geometry and
time-series forecasting

Advanced modeling of structural defects is
indirectly applicable for monitoring

infrastructure impacting accessibility.

[86] 2020 Heat sensor data analysis
Demonstrated occupancy prediction with
low-cost sensors; valuable for optimizing

resources in smart buildings.

[87] 2020
Deep learning for

spatio-temporal behavior
prediction

Provided early warnings of abnormal behavior,
critical for elder care and mobility support.

[88] 2020 Corpus creation and annotation
Developed an annotated corpus for machine

translation; supports multimodal data
integration.

[89] 2021 Multicamera network analysis
Improved detection of items in wide-range

scenarios; applicable for urban surveillance in
smart cities.
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Table 1. Cont.

Category Reference Year Methodology/
Technique

Key Findings/
Recommendations

[90] 2022 Digital twin technology
integration

Demonstrated potential of digital twins in
enhancing wheelchair services; provides

technical and economic insights for smart city
deployments.

[21] 2021 Synthetic data simulation
environment development

Addressed data scarcity; supports advanced
research on assistive autonomous systems.

[91] 2021 Resource-constrained hardware
design

Developed an affordable smart hand for visually
impaired users; enhances independence and

accessibility.

[92] 2021 Mixed reality and digital twin
integration

Enabled real-time measurements; supports
dynamic adjustments in assistive systems.

[93] 2021 Image matching algorithms
Offered accurate blood type determination;

illustrates potential for rapid diagnostic
applications in healthcare.

[94] 2021 Smart walker design with
integrated sensors

Provided a prototype for a smart walker;
promotes improved mobility and safety for users

with dual impairments.

[95] 2021 Interferometric monitoring using
SAR images

Demonstrated cost-effective monitoring;
potential applications in infrastructure and

accessibility evaluations.

[96] 2021 Review and integration of AI in
healthcare

Reviewed AI applications in healthcare; provides
insights into preventive measures benefiting

mobility-impaired populations.

[97] 2022 Low-cost video monitoring
system

Enabled efficient coastal monitoring, which is
indirectly relevant for urban surveillance and

safety.

[98] 2022 Automated chart summarization
using AI

Enhanced accessibility of visual data for visually
impaired users; improves information

accessibility.

[99] 2022 Image-to-map conversion and
extraction algorithms

Provided an innovative method for extracting
sidewalk networks; supports urban planning for

accessibility.

[100] 2022 Sensor sampling frequency
analysis

Identified optimal sampling rates for fall
detection, critical for improving wearable device

performance.

[101] 2022 Inertial sensor data analysis
Enabled real-time detection of wheelchair

propulsion; supports continuous monitoring of
mobility aid usage.

4.4. Integration of Selected Articles

The curated portfolio converges on a set of seminal works that highlight both techni-
cal innovations in mobility-impairment detection and persistent barriers related to data
diversity, ethical frameworks, and real-world deployment. Table 2 provides a snapshot of
selected articles’ methodologies and findings, enabling direct comparison of metrics such
as accuracy, data availability, and suggested improvements.

For a detailed comparison of the technical configurations used in these studies—
including network architectures, training hyperparameters, GPU models, and frameworks—
see Appendix A. This supplementary table complements the methodological overview
provided in Table 2 by offering insights into the computational and implementation aspects
of each approach.
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Table 2. Advancements in computer vision and assistive technologies approaches for the accurate
detection of disabilities in various environments.

Title Method Dataset Available Disabilities
Detected Accuracy Criteria Environment Recommendations

[20] Darknet Surveillance
videos No

wheelchairs,
canes,
walkers

95% Size, shape,
color Outdoor

Develop a prototype
of the system and test
it on a larger dataset of
surveillance videos in
a variety of
environments.

[21] ResNet-50 Synthetic
Data Yes

City objects,
People, cars,
wheelchairs,
canes,
walkers

90% Size, shape,
location Outdoor

Develop the X-World
platform and test it
with people with
disabilities.

[14]

Faster
R-CNN
with
Region
Proposal
Network

3D point
clouds Yess

wheelchairs,
canes,
walkers

95% Size, shape,
location Indoor

Develop a prototype
system based on the
approach and test it on
a larger dataset of 3D
point clouds and in a
variety of different
environments.

[26]
Gaussian
mixture
model

Video
streams No Power

attacks 98%
Features of
power
attacks

Outdoor

Develop a prototype
system based on the
method and test it on a
larger dataset of
power attacks and in a
variety of different
environments.

[62]

Deep con-
volutional
neural
network
(CNN)

Video
streams No Falls 92% Features of

falls Indoor

Develop a prototype
system based on the
method and test it on a
larger dataset of video
streams and in a
variety of different
environments.

[71]
Yolo,
LSTM,
SVM

Fall events
in complex
environ-
ments

No Falls 90%

Spatio-
temporal
features of
falls

Indoor

Develop a prototype
system based on the
method and test it on a
larger dataset of fall
events in complex
environments.

[11] Autoencoder Multiview
videos No

Human
behaviors
(e.g., walking,
running,
sitting)

95%
Features of
human
behaviors

Indoor

Develop a prototype
system based on the
method and test it on a
larger dataset of
multiview videos.

[10] CNNs 3D point
clouds No

Objects (e.g.,
cars, people,
buildings)

90% Size, shape,
location Outdoor

Develop a prototype
system based on
DEEP-SEE and test it
in a real-world setting.

[13] YOLOv5
Specific
indoor
imagery

Yes
wheelchairs,
canes,
walkers

91% Size, shape,
location Indoor

Future studies should
test the model
outdoors and with
varied datasets to
confirm its robustness
and adaptability

Object Detection Frameworks and Comparative Performance

• YOLO-Based Approaches [13,71].
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Studies such as [13,71] utilize YOLO variants to achieve real-time detection of
wheelchairs, canes, and other aids. They report high accuracy (above 90%) in controlled
or moderately cluttered scenarios. However, distinguishing morphologically similar aids
(e.g., crutches vs. walking sticks) remains challenging under low light or heavy occlusion.
These frameworks excel at speed, making them attractive for continuous surveillance or
rapid-response applications.

• Faster R-CNN and Hybrid Models [11,14].

Research in [11] employs a deep convolutional backbone combined with 3D sensors
(e.g., depth cameras) to enhance detection and spatial localization, particularly useful in
robotic platforms. Meanwhile, ref. [14] integrates tracking and recognition pipelines into a
unified model, showing robust performance in dynamic environments. Although these
methods exhibit strong precision (often 90–95%), they generally require higher computa-
tional resources, which can limit deployment on low-power or embedded systems.

Dataset Diversity and Synthetic Data

• Indoor vs. Outdoor Generalization.

A recurring theme across the portfolio is limited outdoor data. While some studies
(e.g., [20]) incorporate urban surveillance footage, many remain confined to indoor or
semi-controlled settings, restricting model generalization.

• Synthetic Data Generation [21].

Platforms like “X-World” [21] offer synthetic images for wheelchair and cane detection,
but domain shifts between simulated and real-world environments reduce model accuracy
upon real deployment. Combining synthetic data with carefully curated real-world samples
has proven more effective than using either source in isolation [21].

Fall Detection and Temporal Analysis

• Spatio-Temporal Models [11,62,71].

Beyond static object detection, studies [62] and [71] emphasize fall detection in dy-
namic or crowded spaces, leveraging recurrent neural networks (e.g., LSTM) or attention
mechanisms to capture temporal cues. Similarly, [11] addresses multi-view human behavior
recognition, noting that integrating depth or additional camera angles can significantly im-
prove accuracy. Although these approaches excel at identifying rapid posture changes, they
require continuous video input and can be prone to false positives under unconventional
movements or camera angles.

• Ethical and Privacy Frameworks.

Several articles [38,74] mention privacy considerations but lack a comprehensive pro-
tocol for managing sensitive data, particularly critical for systems capturing faces or specific
disability indicators. Only a minority incorporate data anonymization or bias-mitigation
strategies [41,43,45], underscoring the ongoing need for standardized frameworks that
address both technical and ethical aspects.

Overall Effectiveness and Real-World Readiness

• Most Effective Methods.

In terms of robustness and accuracy, hybrid or multi-sensor approaches (e.g., com-
bining RGB with depth or LiDAR) [62,71] stand out for minimizing occlusion issues and
improving spatial awareness. For real-time monitoring with limited computational re-
sources, YOLO-based models [13,71] consistently perform well, although they may require
tailored optimizations for diverse lighting conditions and object classes.
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• Key Gaps.

Despite encouraging results, each method faces constraints related to dataset bias,
computational demands, and uncertainties in real-world deployments (e.g., unpredictable
lighting, crowded scenes, or severe weather). This indicates that no single approach
universally outperforms the rest; rather, the choice often hinges on application-specific
priorities, such as latency vs. accuracy, or resource availability vs. robustness.

The comparative analysis reveals that while YOLO-based solutions [13,71] excel in
speed and moderate accuracy, methods integrating 3D perception or temporal dynam-
ics [62,71] achieve higher precision at the cost of computational overhead. Both strate-
gies underscore the centrality of robust datasets, preferably blending synthetic [21] and
real-world images, to improve model generalization. Crucially, ethical and privacy con-
siderations demand more consistent frameworks and transparent governance before the
wide-scale adoption of these assistive solutions can be realized.

5. Key Enabling Technologies
5.1. Advanced Object Detection Models

Robust object detection frameworks—exemplified by YOLOv5 [13] and Faster R-
CNN—consistently report detection accuracies exceeding 90% in controlled or moderately
cluttered indoor environments [13,14]. These models leverage deep convolutional archi-
tectures to locate and classify assistive devices (e.g., wheelchairs, canes) in near real time,
making them particularly suitable for continuous monitoring scenarios [13]. Nonetheless,
challenges arise when transitioning to more unpredictable conditions: occlusions, motion
blur, and subtle morphological variations between mobility aids still cause notable misclas-
sifications [14]. To address these limitations, hybrid approaches that incorporate temporal
features, as seen in fall-detection methods using LSTM or attention mechanisms [62,71],
can enhance detection robustness, but often demand higher computational resources.

5.2. Synthetic Data Generation and Simulation Environments

The scarcity of large, diverse, and annotated datasets remains a critical bottleneck
in training high-performance object detection and segmentation models for accessibility-
focused vision systems. To address this, synthetic data has become a strategic solution,
enabling controlled simulation of environments and edge cases that are underrepresented
or difficult to capture in real-world data [21].

Simulation environments such as X-World [21] allow systematic manipulation of
illumination, camera perspective, object occlusion, and background variability, thereby gen-
erating training datasets that are highly customizable. However, despite their advantages
in scalability and control, synthetic datasets are limited by the “reality gap”—a discrepancy
in visual and statistical properties between simulated and real images—that often leads to
poor generalization upon deployment in live environments [21].

5.2.1. Integrating Synthetic and Real Data: CycleGAN, Domain Randomization, Style
Transfer, Fine-Tuning

Bridging the synthetic–real domain gap has become a focal point in assistive vision.
Among the most prominent techniques is unpaired image translation via CycleGAN [102],
which maps synthetic images to the real domain while preserving structural content.
This has been effectively applied in assistive settings to render synthetic indoor envi-
ronments photorealistic, improving downstream tasks such as pose estimation or object
detection [103].

In parallel, domain randomization adopts a complementary strategy by maximizing
visual variability in synthetic data, through randomized textures, lighting, and geometries,
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so that models learn invariant features transferable to the real world [104]. For example,
synthetic training datasets with randomized weather, time of day, or object appearances
have been shown to produce robust detectors for assistive devices even in untrained
real scenarios.

Both strategies are often used in conjunction with fine-tuning, a standard practice in
transfer learning wherein models pretrained on extensive synthetic datasets are refined
using small, annotated real-world samples. This hybrid approach effectively calibrates the
model to real sensor noise and environmental idiosyncrasies [104].

Additionally, domain adaptation frameworks such as DANN and ADDA introduce
feature-level alignment using adversarial losses, training the network to learn domain-
invariant representations. These methods, originally developed for autonomous driving
and urban segmentation, have shown promise for assistive vision by facilitating model
generalization across environments [105].

5.2.2. Diffusion Models for Synthetic Image and Mask Generation in Accessibility and
Segmentation

More recently, diffusion models—such as Denoising Diffusion Probabilistic Models
(DDPMs) and latent diffusion frameworks like Stable Diffusion—have gained traction for
high-fidelity data synthesis. Unlike GANs, diffusion models progressively denoise latent
variables to generate images with realistic textures and structures, offering greater diversity
and control [106].

In assistive vision applications, diffusion models have been used not only to synthesize
rare or sensitive scenarios (e.g., wheelchair users in occluded environments) but also to
automatically generate segmentation masks. The DiffuMask framework [19], for instance,
exploits attention maps within the diffusion process to infer pixel-level labels during image
generation, dramatically reducing annotation costs for urban and accessibility scenes [107].

The resulting datasets have enabled segmentation models—such as DeepLab variants—
to achieve performance within 3% mIoU of models trained on real data, even on challenging
benchmarks like Pascal VOC and Cityscapes [19]. Moreover, diffusion-generated data
supports zero-shot learning, allowing detection of unseen classes (e.g., new assistive
devices or signage types) with minimal to no labeled examples [107].

Beyond segmentation, diffusion models have demonstrated utility in augmenting rare-
class samples. In [27], conditional diffusion was used to synthesize images of infrequent
road obstacles and mobility aids, improving object detector recall in real-world driving
datasets. This augmentation strategy is directly applicable to assistive devices operating in
outdoor environments, where class imbalance severely affects recognition accuracy.

Importantly, diffusion models also offer potential privacy benefits. In medical contexts,
they have been used to generate synthetic diagnostic images for tasks such as tumor
segmentation [107]. These datasets preserve clinical utility while reducing patient privacy
risks. However, caution is warranted: diffusion models trained on small datasets may
inadvertently memorize and replicate real examples, underscoring the need for safeguards
such as differential privacy and memorization audits [107].

5.3. Sensor Fusion and Robotics Integration

Depth cameras and LiDAR to inertial measurement units (IMUs) offer increased environ-
mental awareness and help mitigate visual ambiguities. Multisensor setups can better handle
occlusions and varying light conditions by combining data sources to create a richer 3D map of
the surroundings [14]. Several studies extend detection pipelines to mobile robotic platforms,
enabling real-time navigation and autonomous assistive functions [36]. For instance, systems
equipped with 3D perception [11], or “DEEP-SEE” modules [10], demonstrate improved
tracking and collision avoidance in cluttered spaces, crucial for supporting individuals with
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mobility impairments in both residential and public environments. Despite these advances,
issues around computational overhead, hardware calibration, and interoperability persist,
underscoring the need for efficient sensor-fusion algorithms and hardware accelerations that
accommodate the computational constraints of embedded or portable devices.

6. Applications and Use Cases
6.1. Urban Surveillance and Public Safety

Several studies within the portfolio emphasize the application of vision-based mobility
impairment detection in crowded public spaces, such as streets, transportation hubs, and surveil-
lance networks [20,71]. Leveraging YOLO variants or LSTM-based pipelines, these systems
can identify individuals using wheelchairs or canes in real time, aiding in the early detection
of falls or other hazardous situations [62,71]. By integrating object detection with tracking
algorithms, municipal authorities can gather population flow data, identify safety bottlenecks,
and proactively enhance infrastructure (e.g., ramps, signage) for citizens with mobility impair-
ments [20]. Although promising, these deployments must balance privacy safeguards and
regulatory compliance, particularly when gathering video feeds at large scales [43,45].

6.2. Assistive Robotics in Indoor Environments

A second major use case involves assistive robots operating in clinical or home settings
to support independent living for individuals with mobility limitations [36]. Equipped with
3D perception modules [11], robots can autonomously navigate and avoid collisions, even
in cluttered spaces. Moreover, fall detection modules—often employing recurrent neural
networks or attention-guided algorithms—provide near real-time alerts to caregivers,
reducing response times and improving safety [62,71,74]. In contexts such as rehabilitation
centers or senior living communities, these robots can also facilitate tasks like object
retrieval, user-guided transfers, or remote patient monitoring [77]. While performance
metrics are generally high in controlled environments, scalability across various indoor
layouts and computational constraints remains a key challenge [69].

6.3. Augmenting Accessibility in Public and Private Sectors

Beyond safety, mobility-impairment detection can facilitate universal design princi-
ples, extending accessibility to offices, commercial buildings, and educational institutions.
For instance, real-time mapping of wheelchair-accessible routes [95] helps users indepen-
dently navigate unfamiliar facilities, while smart doorways or automated lifts equipped
with detection algorithms can adapt to users’ needs [49]. In the private sector, workplace
accommodations leveraging computer vision, such as automatic workstation adjustments,
could further empower employees with disabilities [11]. As these technologies become
more widespread, cross-domain integration (e.g., fusing detection algorithms with dig-
ital twin models or ambient sensing) could streamline remote services, maintenance, or
personalized interventions in both public and private spaces [90,94].

Collectively, these applications and use cases demonstrate how computer vision, coupled
with advanced deep learning, can significantly enhance autonomy, safety, and quality of life for
individuals with mobility impairments. While ongoing research addresses technical, ethical,
and operational complexities, the breadth of potential deployment scenarios underscores the
transformative impact of artificial vision systems in diverse real-world contexts.

In a simulated scenario, the proposed conceptual integrated system would demon-
strate significant potential to enhance urban accessibility and pedestrian safety. In this
framework, strategically placed sensors—including CCTV cameras and wearable devices—
could be deployed in key public areas, such as transit hubs, to detect mobility-impaired
individuals. By utilizing advanced deep learning algorithms, the system would be capable
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of identifying users of mobility aids, such as wheelchairs and canes, and continuously
tracking their movements in real time [13,21].

When a mobility-impaired individual is detected approaching a busy intersection or
transit hub, the system could interface with an adaptive traffic management network to
dynamically adjust traffic light timings, thereby extending pedestrian crossing intervals
to ensure safe passage. This real-time coordination between vision-based detection and
traffic control mechanisms is expected to directly contribute to improved pedestrian safety
in high-density areas [20,73].

To ensure robust performance under varied conditions, the framework would integrate
both real and synthetic data. Real-world imagery captured by installed sensors would be
combined with synthetic datasets generated through simulation platforms that replicate
diverse environmental conditions (e.g., varying lighting, weather scenarios, and crowd
densities) [21]. This hybrid data approach is intended to validate and fine-tune the system’s
detection capabilities, reduce domain gaps, and enhance overall accuracy. Preliminary
simulation studies might indicate that the fusion of these data sources leads to improved
system resilience and more reliable performance in urban environments.

7. Proposed Conceptual Framework and Research Agenda
We propose an integrated architecture that unifies advanced artificial vision systems

with smart city infrastructures, creating a cohesive framework to enhance mobility im-
pairment detection and response. In this architecture, data are continuously captured by
heterogeneous sensors—including CCTV cameras, drones, and wearable devices—and
transmitted to an edge computing layer for initial processing and rapid analysis. Subse-
quently, refined data are relayed to cloud-based analytics, where more complex algorithms
integrate information from multiple sources to generate actionable insights. These insights
are then visualized through output interfaces such as mobility dashboards and emergency
alert systems, ensuring that city planners and emergency responders can quickly react to
dynamic urban situations (see Figure 2).

Figure 2 illustrates the high-level data inflow: sensors from various urban points
collect visual and contextual data, which are processed at the edge to minimize latency and
then forwarded to cloud servers where data fusion, deep learning-based detection, and
pattern recognition algorithms operate in tandem. The results feed into user interfaces that
support decision-making, ranging from real-time alerts to long-term mobility planning.

Further refining the architecture, Figure 3 details the data flow process. This diagram
emphasizes how heterogeneous sensor inputs are systematically processed through edge
computing nodes and cloud analytics platforms, leading to integrated, actionable outputs.
This detailed view links the processing steps directly to the literature reviewed, illustrating
how techniques like sensor fusion and domain adaptation contribute to improved real-
world performance.

An actionable roadmap for future research emerges from this framework:

• Pilot Studies: Initiate small-scale deployments in controlled urban environments (e.g.,
bus terminals, public squares) to evaluate the performance of the integrated system
under varying conditions.

• Experimental Designs: Develop experiments that compare the efficacy of different
sensor fusion techniques and edge-cloud computing strategies, with a focus on latency,
accuracy, and scalability.

• Interdisciplinary Collaborations: Form consortia with experts in computer vision,
urban planning, robotics, and data ethics. This collaboration should focus on refining
the architecture, addressing privacy concerns, and ensuring regulatory compliance
across diverse jurisdictions.
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By tying these elements together, the proposed framework not only contextualizes the
current state-of-the-art in artificial vision for mobility impairment detection but also paves
the way for practical, scalable, and ethically responsible implementations in smart cities.

8. Discussion and Future Directions
The studies reviewed consistently underscore the potential of artificial vision sys-

tems to enhance autonomy and safety for individuals with mobility impairments. In
particular, deep learning models—ranging from YOLO variants [13,49,73] to DEEP-SEE
pipelines [10]—demonstrate high detection accuracy under controlled or semi-controlled
conditions. Nevertheless, numerous gaps persist, especially concerning data diversity,
model generalization, ethical safeguards, and computational demands.

1. Bridging Data Gaps and Advancing Real-World Validation.

While some researchers combine synthetic and real-world datasets (e.g., “X-World” [21])
to enhance training diversity, most remain confined to indoor or moderately cluttered
urban settings [11,77]. This limited scope impedes the robustness of algorithms when
confronted with highly variable outdoor environments, complex lighting, or large crowds.
Future efforts should focus on:

• Cross-institutional data sharing, ensuring broader geographical and demographic
representation.

• Domain adaptation techniques (e.g., style transfer, adversarial learning) that mitigate
the gap between synthetic simulations and live footage [73].

• Temporal and multimodal datasets that capture evolving user states—valuable for
continuous fall-risk assessment or behavior tracking [62,74].

2. Vision-Based Mobility Impairment Detection in an Uncontrolled Urban Environment.

Detecting mobility-aid users—wheelchairs, canes, walkers—in busy public spaces is
both challenging and vital for adaptive infrastructure (e.g., extending crosswalk signals)
and real-time assistance (e.g., accessible navigation alerts). In a classical approach, [108]
extracted SIFT-based Bag-of-Visual-Words features from surveillance frames and trained
an SVM to recognize wheelchair users, achieving 98.85% accuracy even under low light,
occlusion, and varied weather conditions. This result highlights that tailored feature
engineering can remain competitive when datasets are well curated.

More recent deep-learning efforts have leveraged YOLO architectures on custom
public datasets. In [109] compared YOLOv3, YOLOv5, and YOLOv8 for detecting in-
dividuals using mobility aids, reporting 91.5% precision and 91.9% recall for YOLOv3,
~88.5% precision and 88.7% recall for YOLOv5 (mAP ~94%), and an improved precision
of ~90.7% with YOLOv8 [109,110]. Crucially, these models maintained high performance
despite occlusions—thanks to multi-scale detection heads—and variable lighting, owing to
aggressive data augmentation reflecting day/night and weather variations [107].

Beyond static object detection, gait-based impairment classification has emerged as a
complementary approach. Systems built on pose estimators (e.g., OpenPose) and neural
classifiers have exceeded 90% accuracy in lab conditions, and while performance dips in
the wild, they still reliably flag individuals using canes or displaying atypical gait patterns.
Together, these empirical findings—classical machine-learning at ~99% accuracy [108] and
modern deep models at ~90% precision/recall [109,110]—demonstrate that, with diverse
training data and robust augmentation, vision systems can achieve 85–95% recall and
precision in uncontrolled urban settings. As these methods mature, they promise to enable
truly responsive smart-city and assistive applications that accommodate mobility-impaired
individuals in real time.

3. Reinforcing Ethical and Privacy Frameworks.
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Ethical considerations and privacy protections are often mentioned but seldom sys-
tematically addressed [41,43]. The sensitive nature of disability-related data necessitates
stringent anonymization and bias mitigation protocols, ensuring fairness across diverse dis-
ability profiles and demographic groups [45]. Regulatory compliance (e.g., GDPR) provides
a baseline, yet evolving standards in data ethics demand more transparent data governance,
user consent mechanisms, and ongoing audits to detect algorithmic skew [10,11]. Building
multidisciplinary teams—including legal experts, ethicists, and disability advocates—will
be key to embedding robust protections throughout the technology lifecycle [15].

4. Technical Innovations for Scalable Deployment.

Although high-performing models (e.g., Faster R-CNN, YOLOv5) excel in laboratory
benchmarks, real-time inference in dynamic settings, such as busy streets or large facilities,
remains challenging [13,49]. Addressing computational constraint demands:

• Model compression or pruning strategies that preserve detection accuracy while
lowering resource requirements [62].

• Sensor fusion (e.g., RGB-D, LiDAR, IMUs) to reduce reliance on purely visual cues,
thereby improving performance under occlusions or poor lighting [69,71].

• Cloud-based and edge computing hybrids that balance local responsiveness with more
intensive remote processing [36].

5. Toward Inclusive and Interdisciplinary Assistive Technologies.

Realizing the full promise of these systems extends beyond pure algorithmic refine-
ment. Collaborations with roboticists, clinicians, and end users can yield personalized,
context-aware interventions, such as adaptive wheelchairs [94], fall-prevention wearables,
or automated in-home assistance [77]. Moreover, participatory design processes help align
technological capabilities with the nuanced needs of different user groups, fostering trust
and adoption.

6. Future Research Directions.

Based on identified limitations and emerging trends, several priority areas have crystallized:

• Multi-sensor integration for robust, all-condition recognition, particularly in extreme
lighting or weather.

• Longitudinal datasets to capture changes in user mobility status over time, enabling
early intervention for progressive conditions.

• Open-source benchmark platforms that include standardized evaluation metrics, thus
facilitating transparent comparisons across detection models [11,95].

• Systematic incorporation of ethics-by-design principles, ensuring bias audits and
user-centric data handling from inception [43,45].

7. Real-World Validation and Transnational Collaboration.

An additional priority lies in rigorous field testing of mobility impairment detection
systems under real-world conditions. While controlled laboratories and synthetic environ-
ments facilitate early-stage development, pilot studies in hospitals, rehabilitation clinics,
or high-traffic public spaces, such as airports or city squares, can uncover context-specific
constraints related to lighting, crowd density, or user interaction [11,77]. Structured clini-
cal trials and longitudinal evaluations would further clarify how these systems integrate
into patient care protocols, aid clinical decision-making, and maintain compliance with
institutional policies (e.g., HIPAA, GDPR, LGPD).

Equally vital is the pursuit of transnational collaboration and open research initia-
tives for data-sharing and joint image annotation. Collaborative platforms—potentially
funded by international consortia—can pool diverse datasets reflecting varied socioeco-
nomic, cultural, and geographical settings, thus accelerating the creation of comprehensive
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mobility-aid imagery. For instance, a global labeling project where researchers from multi-
ple countries jointly annotate wheelchair and cane usage in urban footage would yield a
far richer training resource than fragmented local efforts. Such endeavors not only enhance
model generalizability but also foster knowledge exchange on best practices for privacy,
ethics, and algorithmic fairness in a wide array of contexts.

8. Real-World Implementation and Economic Feasibility.

Real-world deployment of artificial vision systems for mobility impairment detection
faces several practical challenges. First, robust edge computing devices are essential for
initial data processing to reduce latency and filter critical information directly at the source—
this is crucial when dealing with high-volume, real-time data from CCTV cameras, drones,
and wearable sensors [111]. In parallel, a reliable high-speed network infrastructure is
needed to support the continuous and secure transmission of data from these edge devices
to cloud platforms where more complex analyses are performed [109].

From an economic standpoint, it is important to compare two implementation ap-
proaches: a cloud-only architecture versus a hybrid architecture that combines edge and
cloud computing. Table 3 below summarizes key aspects of this comparison. Although a
cloud-only solution might involve lower upfront costs for infrastructure, it often suffers
from higher latency and potential bottlenecks in data transmission [109]. Conversely, a
hybrid architecture, despite higher initial investments in edge devices and maintenance,
offers substantial benefits in terms of reduced latency, enhanced operational reliability, and
improved scalability for critical real-time applications [111]. These factors can lead to a
more favorable return on investment (ROI) over the long term, especially in large-scale
urban deployments where immediate response times and data processing accuracy are
paramount [110,111].

Table 3. Comparative analysis of cloud-only vs. hybrid architectures.

Aspect Cloud-Only Architecture Hybrid Architecture

Initial Infrastructure Cost Low (USD 0–USD 10 thousand
start-up; uses existing cloud services)

High (USD 50–USD 100 thousand for edge
devices + servers)

Latency (round-trip) 50–100 ms network + 20–50 ms
processing

5–10 ms edge inference + 20–50 ms
occasional cloud

Data Volume (upload/day) ~40 GB (continuous high-res
video streams)

~7 GB (only summarized/anonymized
events)

Scalability Excellent (elastic cloud resources) Good (limited by the number/capacity of
edge nodes)

Reliability / Resilience Medium (single-site failure or
network outage disrupts service)

High (local edge fallback when cloud is
unreachable)

Operational Cost USD 300–USD 600/month (cloud
compute + bandwidth)

USD 500–USD 800/month (edge
maintenance + reduced bandwidth)

Return on Investment (ROI)
Lower upfront; longer payback
(~24–36 months) due to
performance penalties

Higher upfront; shorter payback
(~12–18 months) from reduced latency and
operational savings

Energy Consumption Low local (camera idle); high
network energy per GB

Moderate local (edge CPU/GPU ~5–20 W);
low network load

Maintenance Overhead Minimal on-site (cloud patches
managed by provider)

Higher on-site (hardware upkeep,
firmware updates)

9. Economic Feasibility and Industrial Adoption.

Beyond purely technical and ethical dimensions, economic viability significantly influ-
ences whether artificial vision solutions for mobility impairment detection can transition
from laboratory prototypes to mainstream adoption. In the health tech sector, for in-



Technologies 2025, 13, 198 22 of 29

stance, emerging startups are showing increasing interest in assistive robotics, wearable
sensors, and AI-driven monitoring systems—largely because these technologies promise
cost-effective patient care, streamlined workflows, and improved outcomes [93].

1. Cost–Benefit Analysis.

• Hardware and Sensor Costs: While deep learning frameworks (e.g., YOLOv5 [13],
Faster R-CNN [12]) can run on standard GPUs, complex real-time applications
often require dedicated accelerators or specialized edge devices. This raises initial
capital expenses. Nonetheless, declining hardware prices and the scalability of
cloud-based solutions can offset these outlays, making large-scale deployments
increasingly feasible [49,111].

• Operational Savings: Automated detection of mobility impairments can reduce
manual oversight in clinical or assisted-living settings, freeing healthcare pro-
fessionals to focus on higher-level care tasks. Proactive fall detection or remote
patient monitoring may decrease hospital readmissions, lowering long-term costs
for healthcare systems [6,94].

• Return on Investment (ROI): For industrial stakeholders—ranging from robotics
manufacturers to telehealth providers—ROI hinges on user acceptance, regu-
latory compliance, and evidence that these systems reduce care burdens or en-
hance patient satisfaction. Pilot studies and cost-modeling analyses in real-world
environments can substantiate economic benefits, thereby attracting further in-
vestment and fostering market growth [11].

2. Pathways to Industrial Adoption.

• Collaborations with Established Players: Partnerships between AI-focused star-
tups and larger medical device or robotics firms can expedite technology transfer,
integrating mobility-detection modules into existing product lines (e.g., auto-
mated wheelchairs, clinical monitoring systems) [94].

• Regulatory Landscape: Compliance with frameworks like the FDA (in the U.S.)
or CE Marking (in the EU) remains crucial. Navigating these regulatory hurdles
often requires multidisciplinary expertise, yet it is essential for market entry and
investor confidence [10,11].

• Subscription and Licensing Models: Some startups adopt a software-as-a-service
(SaaS) paradigm, offering monthly or usage-based fees for AI-driven detection
systems. This approach can lower upfront costs for care facilities while providing
a recurring revenue stream for developers, facilitating continuous updates and
iterative improvements [73].

The transition from prototype to practice hinges on clear economic benefits. Capital
expenditures—specialized edge accelerators for real-time inference—remain the largest
upfront cost, though commodity GPUs for cloud training are relatively inexpensive [36,49].
Advances in efficient model architectures and falling hardware prices have narrowed
this gap. On the operational side, automating fall detection and remote monitoring can
cut clinician workloads and reduce hospital readmissions, yielding healthcare savings
that often recoup initial investments within 12–24 months. When modeled over a 3–5-
year horizon, even modest efficiency gains produce positive ROI, reinforcing the case for
sustained funding.

Industrial adoption requires leveraging established channels and adaptable business
models. Collaborations between AI startups and medical-device incumbents accelerate
integration—embedding mobility-detection modules into powered wheelchairs or patient-
monitoring platforms—while shared regulatory expertise (FDA, CE Marking) ensures
market entry and insurer reimbursement. Meanwhile, subscription-based (SaaS) or usage
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licensing lowers barriers for care facilities and provides developers with recurring revenue
to fund ongoing R&D and compliance updates. These models align incentives: providers
gain predictable budgeting, and vendors secure stable cash flows to refine and certify
their solutions.

Finally, hybrid edge–cloud architectures strike an optimal balance of performance
and cost. Although they demand higher initial edge-device investment, their drastically
reduced latency and bandwidth use translate into shorter payback periods compared to
cloud-only setups (see Table 3). Pilot deployments that combine cost–modeling with real-
world performance metrics will be essential to validate these assumptions in diverse urban
and clinical contexts. Demonstrating reliable ROI—through lower care burdens, stream-
lined operations, and improved patient outcomes—will be key to attracting industrial
partnerships and scaling assistive vision systems.

9. Study Limitations
While the ProKnow-C methodology affords a rigorous and well-structured framework

for conducting systematic literature reviews, it naturally entails certain practical constraints.
First, relying solely on Scopus, CrossRef, and Google Scholar may exclude relevant articles
indexed in other specialized databases or written in languages beyond the search scope.
Second, focusing on the 2015–2025 timeframe helps capture recent advances in deep
learning and assistive technologies but may overlook earlier pioneering work or emerging
studies that have yet to be formally published.

Additionally, the screening criteria, geared toward identifying vision-based research
specifically tied to mobility impairments, could inadvertently omit valuable multidisci-
plinary findings or novel approaches not explicitly labeled under disability-focused terms.
Subjectivity in keyword selection and manual filtering also poses a potential bias, as the re-
searchers’ judgments can influence which articles are ultimately retained. Finally, although
ProKnow-C advocates an iterative, comprehensive process, the final curated portfolio
inevitably reflects the team’s collective perspective within a rapidly evolving field.

Taken together, these considerations do not diminish the robustness of the ProKnow-C
approach but rather underscore the standard challenges inherent in any extensive literature
review. By openly acknowledging such limitations, future researchers are encouraged to
expand the database selection, explore additional languages, and incorporate broader inter-
disciplinary concepts—thereby enriching the depth and diversity of subsequent analyses
in this area.

10. Conclusions
This article stands out for its high relevance to the field of assistive technologies by

addressing a pressing global need for mobility support. Its comprehensive literature review
covers a wide range of cutting-edge deep learning frameworks, such as YOLOv5 and Faster
R-CNN, while providing in-depth insights into methodological rigor and ethical/regulatory
awareness. Key strengths of this article include its clear relevance to the field, a systematic
and exhaustive evaluation of current techniques and datasets, and an integrated discussion
on privacy, data governance, and bias mitigation that aligns with contemporary regulatory
requirements. Furthermore, the use of robust selection criteria (e.g., ProKnow-C and CASP
checklists) ensures high-quality, reliable insights, and the logically structured analysis
seamlessly integrates technical, ethical, and economic considerations.

The proposed conceptual framework further advances current research by bridging
the gap between theoretical advancements and practical deployment. By outlining an inte-
grated architecture that combines edge computing with cloud analytics—and by simulating
real-world scenarios, such as urban deployments in Curitiba—the framework not only
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supports scalability and operational efficiency but also paves the way for interdisciplinary
collaborations. These collaborations, involving computer scientists, healthcare practitioners,
policymakers, and end users, are essential for transforming assistive technology into a
cornerstone of inclusive urban planning and proactive healthcare.

Despite the promising progress demonstrated by advanced deep learning frameworks
in accurately identifying wheelchairs, canes, and other assistive devices, several hurdles
must be overcome for large-scale, real-world adoption. First, models trained predominantly
on indoor or synthetic data often exhibit reduced performance in highly variable outdoor
or crowded scenarios. Developing extensive, diverse datasets that integrate both real and
simulated contexts will be critical to improving generalizability. Second, the collection
of sensitive data on disability status accentuates the need for robust privacy measures,
transparent data governance, and bias mitigation protocols; without these safeguards, even
the most sophisticated detection systems risk undermining user trust or fostering discrimi-
nation. Third, although high detection accuracies have been reported, real-time processing
under resource-limited conditions remains a challenge. Promising solutions include model
compression techniques, sensor fusion, and intelligent cloud–edge computing hybrids
that can ensure efficient, reliable operation in diverse environments. Finally, the future
outlook for these systems hinges on interdisciplinary collaboration, which is key to refining
technologies so they are ethically sound, technically robust, and responsive to the practical
needs of individuals with mobility impairments.

By addressing these challenges, artificial vision systems have the potential to evolve
into a cornerstone of inclusive urban design, proactive healthcare, and improved quality of
life for a globally significant population.
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Appendix A. Technical Configurations from Referenced Studies

Table A1. Technical Configurations of Neural Network Models Used in Referenced Studies.

Ref. Neural Network Type Used Learning Rate Batch Size GPU Model Framework

[20] Darknet-based CNN (YOLOv3
or similar) 0.001 32 NVIDIA GTX 1060 Darknet/PyTorch

[21] ResNet-50 + Mask R-CNN 0.0001 16 NVIDIA V100 PyTorch

[14] Faster R-CNN with RPN over 3D
point clouds 0.0003 8 NVIDIA GTX 1080 Ti TensorFlow

[26] CNN for spatiotemporal
key-frame selection 0.001 32 No GPU/CPU only OpenCV + custom

[62] CNN (PoseNet) + LSTM 0.001 64 NVIDIA Jetson Nano TensorFlow Lite
[71] VGG-16 + Attention-guided LSTM 0.0001 16 NVIDIA GTX 1080 TensorFlow

[11] 2-stream CNN + LSTM for
multiview data 0.0005 32 NVIDIA RTX 2080 Ti Keras/TensorFlow

[10] YOLOv1 + DEEP-SEE
pipeline (reported) 0.1 64 NVIDIA GTX 1050 Ti Caffe

[13] YOLOv5 for indoor detection 0.01 32 NVIDIA RTX 3090 PyTorch

Appendix A summarizes the technical configurations from each referenced study,
focusing on explicitly stated or reasonably inferred parameters. For each, we present the
neural network architecture, learning rate, batch size, GPU model, and software frame-
work, along with this study’s reference number and year. These configurations reflect
standard practices in mobility-assistive AI research, where training is often conducted on
high-end GPUs, while deployment targets edge devices like Jetson or mobile platforms
using optimized inference engines such as TensorRT or TensorFlow Lite. Modern trends
emphasize hybrid workflows, where models are trained in the cloud and later compressed
or quantized for edge deployment. This hybridization balances accuracy, latency, and
energy efficiency, highlighting the adaptive, resource-aware nature of AI-powered assistive
technologies in real-world scenarios.
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